This paper constructs fundamental liquidity measures and investigates the pricing implications of shared variation in a large set of high frequency liquidity measures. Through a common factor analysis we estimate three orthogonal, market-wide liquidity variables that statistically capture time series variations in market wide liquidity. We also test for differential explanatory power of trade-based and order-based factors. We uncover two main results. First, after estimating securities' exposure to our liquidity factors, we document that not one but two of the common liquidity factors are significantly related to cross-sectional differences in returns. Interestingly, neither of the two factors is related to the price dimension of liquidity, while both are related to the time and quantity dimensions. This result is robust to various model specifications. Second, and perhaps more stiking, we discover that order-based liquidity measures are unable to explain return differences while common factors estimated from trade-based liquidity measures are significantly related to cross-sectional variation in realized returns. This latter result suggests that realized liquidity (as opposed to expected liquidity) may be a fundamental driver in asset returns.
Introduction
Our goal in this paper is to construct and test statistically-based, comprehensive liquidity measures. While the raw liquidity variables that we use are based on theory, our datasets and methodology are quite new.
A major motivation for our study is the fact that there is little knowledge about the fundamental nature of liquidity, especially at the very highest frequencies. Moreover, in spite of a large and growing literature on the relationship between asset prices and liquidity, there is currently little agreement as to what the asset pricing implications of liquidity actually are. Empirically, there is some evidence of a link between asset prices and liquidity measures such as spreads, depth and volume, as espoused by the "commonality" literature. There is, however, little concrete evidence on the existence of a time varying common liquidity factor.
In this paper, we assess whether we can strengthen the link between liquidity and asset prices by constructing statistically sound, empirical proxies for liquidity. This exercise is particularly valuable since the proxies used in the previous literature are sometimes narrow, or may not capture all the dimensions of liquidity that investors actually value, see Hodrick and Moulton (2003) .
A market is said to be liquid if traders at any time during opening hours can buy or sell large numbers of shares quickly and at low costs. Harris [1990] associates this definition with four interrelated dimensions: width, depth, immediacy, and resiliency. Width measures the cost per share of liquidity, depth is the number of shares that can be traded at a given price, immediacy captures how quickly a given number of shares can be traded at a given cost, and resiliency is a measure of the ability to trade at minimal price impact.
This inherent multi-dimensionality of liquidity has led to a broad range of empirical measures. Many of the suggested liquidity measures are shown to be only modestly correlated, which has spurred some work on finding the single (or few) best measure. Our approach is different, since we combine theory and econometrics in a simple manner. Specifically, we use trade and order variables that theory suggests should capture liquidty. Then we implement dimension-reduction techniques to extract parsimonious estimates of common liquidity factors, which summarize the essential behavior of liquidity. We therefore uncover composite liquidity measures that capture as many dimensions of liquidity as possible, in a concrete statistical sense. In other words, we try to extract a few "deep" variables that capture the fundamental variations liquidity.
From a set of both order-based and trade-based liquidity measures we identify three common liquidity factors. By estimating securities' exposure to these factors, and by creating portfolios based on these exposures, we find that two of the factors significantly explain cross sectional differences in excess returns after we have controlled for each security's exposure to other traditional risk factors. Another interesting finding is that when we restrict the set of variables that are used to extract the common liquidity factors to order-based liquidity variables, we find no systematic variation in exposures and returns. On the other hand, when we restrict the set of variables to be only trade-based, there is a strong relation between exposures and realized returns.
The paper is organized as follows. Section 2 summarizes the relevant literature. In section 3 we describe the data set and the liquidity measures we use in the analysis. In section 4 we use common factor analysis to identify latent dimensions represented in different sets of liquidity variables. We then investigate the relationship between common variation in liquidity measures and asset returns in section 5. Section 6 concludes.
Literature
There is a large literature on the relationship between liquidity and asset pricing. This summary of the literature very close to that of O'Hara [2003] . Early theoretical papers find that transaction costs are irrelevant for asset prices, see Constantinides [1986] , Aiyagari and Getler [1991] , Heaton and Lucas [1996] , Vayanos [1998] , Vayanos and Vila [1998] . In general these papers argue that liquidity costs can only have a second-order effect on the level of asset prices because transactions cost are too small relative to the equilibrium risk premium to matter. The counter-argument to this, originally due to Amihud and Mendelson [1986] , is that empirically asset prices do reflect liquidity costs. Several studies show a link between asset prices and a variety of liquidity measures such as spreads, depths and volumes, see Brennan and Subrahmanyam [1996] and Easley et al. [2002] . In this context liquidity is akin to a tax borne by investors. The papers most related to our work investigate the question whether liquidity can also affect the risk of holding an asset. This issue is more complex, as liquidity would then have to be time varying, or systematic in some sense. The related literature on liquidity commonality yields mixed results. Several papers find a positive relationship between returns and common variation in liquidity, including Chordia et al. [2000] , Huberman and Halka [2001] , Amihud (2002) , and Pastor and Stambaugh [2003] . On the other hand, Hasbrouck and Seppi [2001] find little evidence of a common factor in liquidity. Therefore, a further contribution of our research is that, by constructing statistically and economically meaningful liquidity factors, we might shed additional light on the commonality debate.
To our knowledge, the only other paper using a similar statistical methodology is that of Hasbrouck and Seppi [2001] . The authors analyze liquidity measures, returns and order flows using common factor analysis. However their approach differs from ours in a few important respects. They analyze common variation across a small subset of companies for each variable. Then, they study the co-variation among liquidity measures, returns, and order flows using a canonical correlation analysis. Hence, they first study whether a part of the variation in one separate liquidity measure is common for all firms. Then, they study whether this common part is related common parts of variation in returns and order flows. Our approach is different in that we search for the shared variance across many different liquidity measures to obtain a proxy for liquidity which captures the latent dimensions of liquidity. We then investigate whether these common factors are related to cross-sectional differences in realized returns. Holl and Winn [1995] calculate the correlation structure for 25 measures of liquidity using transactions data from the Australian Stock Exchange (ASE) in 1995. Only those measures that are similar by design are found to be correlated, indicating that different measures of liquidity capture different characteristics of assets. Using data from the Jakarta Stock Exchange (JSE), Aitken and Comerton-Fordre [2003] divide various liquidity measures into trade-based and order-based measures. Little correlation is found between the two categories. By examining changes in the liquidity measures within each category before and after an economic crisis on the JSE, the authors provide evidence that order-based measures provide a better proxy for liquidity than trade-based measures. Neither of these studies investigate shared variation in liquidity measures nor do they consider liquidity in an asset pricing perspective.
The Data
The data used in this study is provided to us by the Oslo Stock Exchange (OSE) in Norway. 1 In this section, we provide a brief introduction to the Norwegian stock market and the trading rules at the Oslo Stock Exchange, and describe the set of liquidity variables used in the common factor analysis in the following section.
The Norwegian stock market
Norway is a member of the European Economic Area, and its equity market is among the 30 largest world equity markets by market capitalization. 2 Table 1 reports some general statistics on market values and trading activity for the firms listed on the OSE in the period from 1995 to 2005. The market has grown substantially during the last 10 years. 
Trading at the OSE
Since January 1999, the OSE has operated a fully automated computerized trading system similar to the public limit order book systems in Paris, Stockholm, and Toronto. The trading day comprises two sessions; the "pre-trade" session starting at 9:30 and ending with an opening auction at 10:00, and the "continuous trading" session from 10:00 until the trading closes at 16:00. During the pre-trade session, brokers can register trades that were executed after the close on the previous day as well as new orders. The opening auction at the end of the pretrade session matches all registered orders at the price which maximizes the trading volume. During the continuous trading session, electronic matching of orders with crossing or equal price generates transactions. As is normal in most other electronic order driven markets, the order handling rule follows a price-time priority. 3
Our data sample
Our data sample consists of every order and trade that occurred at the OSE in the period from February 1999 through March 2005. The order data include all order submissions, deletions and amendments of existing orders. We also know whether the order is a buy or a sell order. Thus, for each security in the data, we are able to reconstruct the full order book at any point in time. Every trade is linked to the underlying orders through an order ID. Thus, if a large order is executed against many smaller orders resulting in several smaller trades, we can trace each executed part back to the initial order.
Data filtering
To remove very illiquid securities and securities that only have a short listing period in the data sample, we filter the sample as follows. First, each firm is required to have been listed for the entire data sample period. In addition, the firm must have been traded on at least 80 percent of the days when the Oslo Stock Exchange is open for trading (1539 days). This reduces the sample to a total of 42 securities. To remove outliers from the reduced data sample, we check for erroneous order submissions. This is done for the largest orders submitted across all firms on each day. If we see that a large order is immediately cancelled or amended to a significantly lower volume, we correct the volume in the initial submission. In addition, we remove all odd-lot trades and orders and all trades reported as off market trades.
Liquidity variables
To decide on a set of variables for the common factor analysis we set up a twofold goal. First, we want the variables to capture all aspects of liquidity that investors might value, based on theoretical considerations. To define these aspects, we use the four dimensions of liquidity suggested by Harris [1990] ; width, depth, immediacy, and resiliency. Width measures the cost per share of liquidity, and is often proxied by the spread. Depth is the number of shares that can be traded at a certain price. Immediacy captures how quickly a given number of shares can be traded at a given cost, and resiliency is a measure of the ability to trade at minimal price impact (given non-informative trades).
Second, we would like to investigate differences between order-based and trade-based liquidity measures, including their relative importance for investors' valuations. We therefore construct both trade-and order-based measures along the four liquidity dimensions. Before we begin a formal factor analysis, we must also ensure that the set of variables is suited to this type of analysis. One important criteria for determining the appropriateness of factor analysis is that the variable matrix have sufficient correlations. A rule of thumb is that a substantial number of correlation coefficients should be greater than 0.30.
A short description of the selected liquidity variables is given below. A more detailed description of how the measures are calculated is provided in the Appendix. The set of variables are summarized in Table 2 .
• Width. To capture market width we include the effective spread and the relative quoted spread. The effective spread is trade-based while the quoted spread is order-based. The effective spread is calculated as two times the absolute value of the transaction price minus the bid-ask midpoint price. The relative quoted spread is the difference between the best bid and ask quotes measured as a percentage of the spread midpoint price. The effective spreads is often considered a more appropriate measure of trading costs than quoted spreads, especially for large trades.
• Depth. To capture market depth, we include two trade-based measures and three orderbased measures. The trade-based measures are (i) trading volume, defined as the total number of shares traded during the day, and (ii) trading frequency, defined as the total number of trades across all firms during the day. The most natural order-based measure of depth is the number of shares at the inner quotes. To get a more comprehensive measure of market depth, we also include two measures based on the slope of the inner part of the order book: a "price slope", measured over the 6 first ticks and normalized over the total number of issued shares, and a "tick slope" measured in share volume, also over the 6 first ticks of the book. Both slope measures are averaged over the bid and ask sides of the book.
• Immediacy. To capture ability to trade quickly, we include three trade-based measures and two order-based measures. The trade-based measures are (i) the average number of seconds between trade executions and (ii) turnover, and (iii) the number of trades required for an order to be fully filled. 4 The order based measures are (i) fill time, defined as the number of seconds it takes to (fully) fill an order, and (ii) a measure of the order book symmetry. The order book symmetry measure is defined as the difference between the ask slope and the bid slope of the order book (over 6 ticks) divided by the added slopes. Division by the added slopes ensures that the measure is equal to 1 and -1 if one side of the book is empty.
• Resiliency. Resiliency is a measure of the ability to trade at a minimal price impact. Hence, it is trade-based by definition. To capture this dimension, we use a measure of how large (log) share volume is needed to move the price by 1 percent. This measure is equal to the inverse of the illiquidity ratio defined in Amihud [2002] , and is calculated daily for each firm using close to close returns.
All variables are first calculated for each security on each trading date. To avoid biases due to intra-day trading patterns, we split the trading date into 6 hourly intervals. Except for the trading frequency, the share volume and the liquidity ratio, all measures are first averaged within each interval and then averaged over the 6 intervals to get a daily average. Then, a The table summarizes the liquidity proxies used in the common factor analysis. The four liquidity dimensions width, depth, immediacy, and resiliency is taken from Harris [1990] . In addition, the variables are split into trade-based and order-based measures. During our sample period, the average firm value was NOK 8.33 billion and varied from a maximum of NOK 97.4 billion to a minimum of NOK 156 millions (these numbers are not shown in the table). Measured by the effective spread, the average cost of trading was NOK 0.75. Measured in relative quoted spreads, average trading costs amounted to 1.28 percent of the midpoint price. The average depth at the inner quotes for a firm was 9925 shares, and it took on average 1.6 trades to fill an order. On average, there were a total of 4236 trades in the sample firms each day, however, a median number of seconds between trades of 989 seconds (over 16 minutes) suggests that some firms in the sample were traded quite infrequently.
In the correlation matrix in Panel B of Table 3 , correlations greater than 0.3 are marked gray. Visual inspection of the matrix reveals that a sufficient number of correlation coefficients are large enough to justify a factor analysis. Note also that most of the order-based and trade-based measures within the same liquidity dimensions exhibit fairly high correlations.
Common Factor Analysis
Since factor analysis is not typically used in this literature, we first discuss a few details on our research design and methodology. Factor analysis comprises a family of statistical techniques concerned with the reduction of a set of observable variables in terms of a small number of latent factors. 5 In this section, we first discuss the choice of factor method for extracting latent factors of liquidity as well as some other design issues. Then, we present the main results from three factor models estimated on various combinations of the liquidity variables described in section 3.
Some design issues
The two main factor methods are common factors and principal components. In a common factor analysis it is assumed that the variance can be decomposed in two: common variance that is shared by other variables in the model, and unique variance that is unique to a particular variable, including an error component. As the name suggests, a common factor analysis focus on the common variance of the observed variables. Specific variation and the error term are excluded from the analysis. In a principal component analysis, no distinction is made between common and unique variance. The objective is to account for the maximum portion of variance present in the original set of variables with a minimum number of composite components. Thus, while both techniques are widely used for the same purpose (data reduction), they are quite different in terms of the underlying assumptions. We intend to identify the latent dimensions that explain why different liquidity variables are correlated with each other. Thus, we want to extract a small number of factors to account for the intercorrelations among our observed liquidity variables. This objective calls for a common factor rather than a principal component analysis. Moreover, the scarce amount of prior knowledge we have about the composition of the variance of different liquidity measures also speaks for the common factor method. A second design issue concerns how many factors to extract. While there exist several criteria or empirical guidelines for determining this number, the decision is ultimately subjective. We look at several criteria before we decide on the number of common liquidity factors. First, we use a version of the latent root criterion which says that the latent root (or eigenvalue) of the factors should exceed the average of the initial communality estimates. Second, we check that the number of factors lies close to the "elbow" of the scree plot. 6 We also require a minimum of three observed variables for each factor expected to emerge.
Factor rotation is a way to simplify the rows and columns of the factor matrix to make the factors interpretable. There are two main methods; orthogonal and oblique. In an orthogonal rotation, the axes are maintained at 90 degrees, while in an oblique rotation, there is no such restriction, meaning that the factors can be correlated with each other. The orthogonal methods are most widely used, although the oblique rotation is more flexible and also more realistic, since important underlying dimensions are not necessarily uncorrelated. 7 Since we want to use the factors for later regression analysis, it is most convenient for us to work with uncorrelated factors constructed using the orthogonal factor rotation.
Results
We estimate three different factor models. The first model is based on most of the variables described in section 3 (model A). In the second model, we include only trade-based liquidity variables (model B), and in the third model, we include only order-based liquidity variables (model C) . Table 4 -6 summarizes the main results from the three models. The tables report the rotated factor loadings as well as the final estimates of shared variance among the variables. We also report Kaiser's Measure of Sampling Adequacy (MSA), both overall and for the individual variables. 8 In general, values of MSA greater than 0.8 are considered good, while values less than 0.5 are unacceptable.
A factor model based on all variables
Based on the criteria described above, we end up with three common factors in this model. To be able to interpret the rotated factor loadings, we must decide what constitutes a significant loading. A rule of thumb frequently used is that factor loadings greater than 0.30 in absolute value are considered to be significant. In the table, these loadings are marked in gray. Ideally, we would like to see a single significant loading for each variable on only one factor. Evidently, however, there are several split loadings in the table (variables with multiple significant loadings). Factor 1 seems to be mostly related to the width and depth dimensions, while factor 2 seems to be specially related to the trade-based measures of depth and immediacy. Factor 3 has significant loadings to the quoted spread, the order book symmetry, and the liquidity ratio. Thus it is not easy to name this factor, although it may be related to information asymmetry. The model is quite well suited to factor analysis according to the MSA criterion. The overall MSA is 0.83, and the individual MSA numbers varies from a minimum of 0.74 for relative quoted spread to a maximum of 0.90 for the number of trades needed to fill an order.
A factor model on trade-based measures
In model B, we extract two common factors. Factor 1, which explains 65 percent of the shared variance among the variables, seems to be mostly related to depth and immediacy. Factor 2 is most related to spread and resiliency. Model B is acceptable according to the MSA criterion. The overall MSA is 0.71, and the individual MSA numbers varies from a minimum of 0.54 for relative effective spread to a maximum of 0.86 for the number of trades needed to fill an order.
A factor model on order-based measures
We also extract two common factors in Model C. The first factor explains 70 percent of the shared variance and has significant loadings from variables within all the three relevant liquidity dimensions (width, depth, and immediacy). Factor two is significantly related to the relative quoted spread, the tick slope and the order book symmetry. Model C is acceptable based on the MSA criterion. The overall MSA is 0.76, and the individual MSA numbers varies from a minimum of 0.56 for the order book symmetry to a maximum of 0.82 for the quoted spread. Table 6 Results from a factor analysis on order-based liquidity measures
The table presents the main results from a factor model where the variable set includes orderbased liquidity measures along the four dimensions: width, depth, immediacy, and resiliency, as defined in Harris [1990] . MSA is the Kaiser's measure of sampling adequacy. The factors are rotated according to an orthogonal rotation method (Varimax in SAS). Factor loadings greater than 0.30 are marked gray. 5 Portfolio returns and liquidity factor exposure
As described in the previous section, the common factor analysis suggest that the joint variation in our set of liquidity variables are best captured by three orthogonal factors. Based on the factor analysis, we extract three daily score series that represent the daily realizations of the common factors. These series represent our market wide liquidity measures. In this section we examine to what degree these liquidity measures are able to explain returns of equity portfolios in the cross-section. This will be a first step in examining whether there is a risk premium related to firms' exposure to market liquidity. These results are interesting from a practical standpoint, since sophisticated investors may actually construct and hold portfolios based on our liquidity measures.
Estimating the liquidity exposures
We apply a simple scheme to estimate firms' exposure to the market wide liquidity variables. By regressing the daily returns on the daily realizations of the three market wide liquidity measures for each month, we obtain three liquidity exposures for each company. These exposures will be used in the subsequent sections for portfolio creation. It is also important to note that the liquidity factors are orthogonal to each other by construction as a result of the common factor estimation. We apply four different methods for estimating the liquidity exposures with varying adjustments for additional risk factors. In the later sections we use similar estimation models with a smaller number of liquidity factors. However, in this section we will discuss the case of three liquidity factors. Note that we estimate each firm's exposure for each month using daily data. Thus, the models described below may be viewed as the estimation for one month since we have dropped the month-year subscript on the estimated exposures. We now describe the four empirical models.
In the simplest model, we estimate each factor exposure in isolation, without considering the effects of the other two liquidity factors. Consequently, the exposures to each of the three factors, k ∈ [1, 2, 3], are estimated each month in each year for each company, i, as,
where r i,t is company i's return on day t, F k t is the realization of the market-wide factor k on date t, λ k i is the exposure of company i to factor k. So in this framework each λ k i is estimated separately.
In the second model, we estimate each firm's exposure, taking account of the firm's exposure to the two other factors. Thus, we estimate each λ k i for each month for each company as,
In the third model, we estimate the exposure both taking account for the firm's exposure to the two other factors as well as the firm's market beta relative to the value weighted market return,
Finally, in the fourth model, we adjust for the securities' exposure to the SMB (size) and HML (value) factors of Fama and French [1993] as well as the momentum factor (MOM) of Carhart [1997] ,
where β j i denote firm i's exposure to the market factor (j=1), SMB factor (j=2), HML factor (j=3) and the momentum factor (j=4).
In the two last models one can also consider an excess return framework where we assume that the market model (equation 3) and the Fama/French and Carhart factors (equation 4) describe the expected return of the security, E[r i ]. Then our approach assesses whether the excess return across firms have any systematic structure left to be explained by our liquidity measures, after accounting for the expected returns from these factor models. Thus, in general, we are estimating the following regressions,
The liquidity factors
Panel A in table 7 shows the correlations of each of the liquidity factors, F k , with the valueweighted and equally weighted market return, the Fama/French size-(SMB) and value factors (HML) and the Carhart momentum factor (MOM). All the correlations are based on daily realizations of the variables. Gray fields indicate that the Pearson correlation coefficient is significant at the 5% level. The first thing to note from the table is that all the correlations are low. In addition, we see that all the three factors have a significant correlation with the market return. Furthermore, we see that the two first factors are positively correlated with market return, while the third factor is negatively correlated with the market. Panel B in table 7 shows the monthly returns and standard deviations of the same variables. The returns and standard deviations of the three liquidity factors are not included in the table since they all are normalized to have a zero mean and unit standard deviation. 
Monthly returns on liquidity portfolios
The first question we examine is whether firms' exposure to variations in our market-wide liquidity variables is related to their realized returns. We start by estimating the liquidity exposure for each firm in the sample for each month based on the four models in section 5.1. For each month we then sort all firms based on their exposure to each factor and assign each firm to a quartile based on their estimated exposure. The firms in the lowest quartile, with the lowest (closest to zero or most negative) exposure, will be assigned to portfolio 1 and so on. Since we have three factors, this will result in three sortings (one for each factor) for each of the four models. 9 Finally, we calculate the average realized return for the portfolios resulting from sorting the companies relative to their exposure to each of the three factors and for each exposure estimation model. In table 8 we show the results from this analysis. The four panels in the table refer to the different methods that are used to estimate firms' exposure to the three liquidity factors. Recall that in model 1 we estimate each exposure in isolation, in model 2 we estimate all liquidity exposures simultaneously, in model 3 we correct for market risk, and in model 4 we correct for the exposure to the market, the Fama/French factors and the Carhart factor.
Each panel of the table shows the average monthly return for the firms in each portfolio for each factor sorting. The last two lines in each panel shows the difference in returns between the 4th and the 1st portfolio and the t-value from a test that the returns of portfolio 1 is equal to portfolio 4. If none of our liquidity factors contain information about realized returns, we should see no patterns across portfolios for any of the factor sortings. While this is the case for the first factor, there is, on the other hand, strong evidence that both factor 2 and factor 3 are important for explaining returns across portfolios. Importantly, this effect is robust to the situation depicted in panel (d), when we control for other risk factors proposed in the literature. As we move from panel (a) to panel (d) we see that the additional risk variables explain some of the differences in portfolio returns. Importantly, we obtain a monotonic pattern in the returns, which indicates a very consistent pricing effect of our liquidity on returns. Even after correcting for the market return, the Fama/French factors and the Carhart factor the difference in returns between portfolio 1 and 4 is 3.7% and 4.6% per month when we base the portfolio construction on factor 2 and factor 3 respectively. These results are very striking, since they suggest that not one but two liquidity factors could be responsible for the observed pattern of returns. In figure 1 we visualize the accumulated portfolio values when we start with a value of 100 in each portfolio at the beginning of our sample period and change the composition of securities in each portfolio every month. In plots (a) to (c) we show the portfolio values when we create portfolios based on the exposures to each of the three factors estimated from model 1 (with no additional corrections). In plots (d) to (f) we show the similar portfolios for each factor when we have estimated the exposures from model 4. From these figures we see the same pattern as in table 8. First, in figure (a) and (d) there is no systematic difference in portfolio returns for portfolios sorted on factor 1, but there is a large difference when we sort on factor 2 in figure (b) and (e) and factor 3 (c) and (f). Second, we see that the correction for additional risk factors reduces the difference in portfolio returns. However, the portfolio values still increases monotonically as we move from portfolio 1 to portfolio 4. Hence the robustness of this monotonic pattern is strongly suggestive of a dual asset pricing role for liquidity.
Figure 1 Long run performance of liquidity factor portfolios
Plots (a) to (c) shows the cumulative portfolio values for the four portfolios when we sort portfolios each month on each of the liquidity factors based on the exposures estimated as in eq. 
Difference between order-and trade-based liquidity factors
As discussed in the common factor section, recent literature on how to measure liquidity suggests that one should look more carefully at order-based (ex-ante) measures as opposed to traditionally applied trade-based (ex-post) liquidity measures. We therefore conduct a similar analysis to that of the previous section, with liquidity factors extracted separately from trade-based and order-based liquidity variables.
Trade-based liquidity factors
When we restrict the liquidity variables in the common factor analysis to be trade-based, we obtain two common factors. In the following analysis we use these two factors as our liquidity measures when we do a similar analysis to that of section 5.3. In table 9 we see the similar patterns as earlier for both liquidity factors and across all model specifications. However, in the panel (d) the difference in returns between the 1st and 4th portfolio is not significantly different when we sort companies based on their exposure to factor 1. However, the difference in returns between firms in the groups remains highly significant when we base the portfolio sorting on factor 2. These results can also be seen in figure 2 where we see that the difference in portfolio returns is reduced dramatically from figure 2a (with no correction for additional factors) to figure 2c (where we correct for all the additional risk factors). Table 9 Return on liquidity portfolios -trade based factors 
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Order-based liquidity factors
When we restrict the liquidity variables in the common factor analysis to be order-based, we also obtain two common liquidity factors. Table 10 shows the results from this analysis. It is interesting to note that there is no systematic difference in portfolio returns when we construct the common liquidity factors only from order-based liquidity variables. The only visible pattern in the tables are that there seem to be a u-shaped pattern across portfolio returns. At this point we do not have enough information to speculate whether that pattern has any economic meaning. The lack of any significant systematic patterns across portfolios in table 10 is also visualized in figure 3. Although this last result is disappointing from a market microstructure perspective, it is still very interesting with respect to how liquidity is best measured. This result is of course not any evidence against order-based measures being important for measuring liquidity. On the other hand, assuming that we have used reasonable and appropriate order-based liquidity variables as inputs to our common factor analysis, we can conclude that it seem to be the common variation in trade based liquidity variables that best explain cross sectional differences in returns. 
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Conclusion
There is currently little research on how best to define and test liquidity, based on theoretical and statistical reasons. This makes it difficult to agree on the asset pricing implications of liquidity, since many of the liquidity measures proposed in the literature are only modestly correlated with each other. In this paper we utilize a common factor approach in order to extract fundamental, common liquidity factors from a large set of liquidity variables. In a sample of several liquidity variables from an electronic limit order market we find that there are three common factors. We document two main findings. First, we discover that not one but two of these factors are significantly related to cross-sectional variation in realized returns. This suggests that there might be a dual role of liquidity in asset pricing. Interestingly, the two factors reflect time and quantity aspects of liquidity, instead of price aspects. Second, we find that common factors constructed from only order-based measures is not related to the cross section of returns, while trade-based measures are strongly related to returns. This result indicates that realized liquidity (rather than expected liquidity) is a fundamental driver in asset returns.
In sum, our results are interesting and important, since the portfolios that we form can be easily utilized by moderately sophisticated investors. Consequently, investors may (in principle) be able to hedge specific types of liquidity risk by holding one or both of our factors.
The current version of the paper is planned to be extended in several directions. First of all, in the current version of the paper we do not conduct any asset pricing test of whether our estimated liquidity factors are actually priced. This is something that will be incorporated in future versions. Secondly, more work is needed to interpret the liquidity factors that are estimated from the common factor analysis. Finally, we are also in the process of applying a similar analysis to liquidity variables from the US as a robustness check.
A Calculation of liquidity variables
The appendix describes how the various liquidity measures used in the common factor estimation are calculated. To make the data discrete and have a common time frame we use hourly windows, starting from 10:00 am until 16:00 pm. Thus, we have 6 one hour intervals during each trading day. If not otherwise stated, the measures are first average within each interval, and then averaged over these intervals to get a daily average. For simplicity, summing and averaging operators as well as security and time indicators are suppressed in the equations. The variables are presented in alphabetical order.
Depth at the inner quotes is defined as the average share volume at the best quotes. The measure is calculated as
where v a is the share-volume at the best ask price and v b is the share-volume at the best bid price.
Effective spread is calculated for each trade as
where p k is the trade price, and p b and p a are respectively the best bid and ask prices at the time of the trade.
Fill time is defined as the number of seconds it takes to (fully) fill an order.
Liquidity ratio measures how large (log) share-volume is needed to move the price by 1%, i.e, it is the inverse of the illiquidity measure proposed by Amihud [2002] . The measure is calculated per day for each firm, using close to close returns as log(V ) |r| * 100) where V is the total daily share volume, and r is the open to close return.
Normalized price slope is the Price slope normalized relative to the number of issued shares in the firm, i.e
Price slope/N OSH where Price slope is defined below and N OSH is the number of issued shares in the firm.
Order book symmetry measures the symmetry of the limit order book. It is calculated as the difference between the ask and bid slopes over the first 6 ticks of the order book divided by the added 6 tick slopes (to ensure that the measure is equal to 1 and -1 if one side in the order book is empty), i.e where v b 0 is the share volume at the best bid quote, v b 6 is the cumulative share volume 6 ticks away from the best bid quote, v a 0 is the share volume at the best ask quote, v a 6 is the cumulative share volume 6 ticks away from the best ask quote, p b 0 and p a 0 are respectively the best bid and ask quotes, and p b 6 and p a 6 are respectively the bid and ask quotes 6 ticks away from the best quotes.
Trades per order is calculated by tracking each order from its initial submission into the system (accounting for subsequent amendments) and counting the number of trades that are required for the order to be fully filled.
Trading frequency is measured as the total number of trade executions across all firms during the day.
Trading volume is measured as the total number of shares traded in the security during the day.
Turnover is measured as the trading volume divided by the number of issued shares in the company.
